Abstract In this study, multivariate statistical techniques in collaboration with GIS are used to assess the roadside surface water quality of Savar region. Nineteen water samples were collected in dry season and 15 water quality parameters including TSS, TDS, pH, DO, BOD, Cl -, F -, NO 3 2-, NO 2 -, SO 4 2-, Ca, Mg, K, Zn and Pb were measured. The univariate overview of water quality parameters are TSS 25.154 ± 8.674 mg/l, TDS 840.400 ± 311.081 mg/l, pH 7.574 ± 0.256 pH unit, DO 4.544 ± 0.933 mg/l, BOD 0.758 ± 0.179 mg/l, Cl -51.494 ± 28.095 mg/l, F -0.771 ± 0.153 mg/l, NO 3 2-2.211 ± 0.878 mg/l, NO 2 -4.692 ± 5.971 mg/l, SO 4 2-69.545 ± 53.873 mg/l, Ca 48.458 ± 22.690 mg/l, Mg 19.676 ± 7.361 mg/l, K 12.874 ± 11.382 mg/l, Zn 0.027 ± 0.029 mg/l, Pb 0.096 ± 0.154 mg/l. The water quality data were subjected to R-mode PCA which resulted in five major components. PC1 explains 28% of total variance and indicates the roadside and brick field dust settle down (TDS, TSS) in the nearby water body. PC2 explains 22.123% of total variance and indicates the agricultural influence (K, Ca, and NO 2 -). PC3 describes the contribution of nonpoint pollution from agricultural and soil erosion processes (SO 4 2-, Cl -, and K). PC4 depicts heavy positively loaded by vehicle emission and diffusion from battery stores (Zn, Pb). PC5 depicts strong positive loading of BOD and strong negative loading of pH. Cluster analysis represents three major clusters for both water parameters and sampling sites. The site based on cluster showed similar grouping pattern of R-mode factor score map. The present work reveals a new scope to monitor the roadside water quality for future research in Bangladesh.
Introduction
Worldwide deterioration of surface water quality has been attributed to both natural processes and anthropogenic activities, including hydrological features, climate change, precipitation, agricultural land use, and sewage discharge (Ravichandran 2003; Gantidis et al. 2007; Kundewicz et al. 2007; Arain et al. 2008) . Information on water quality and pollution sources is important for the implementation of sustainable water-use management strategies (Crosa et al. 2006; Sarkar et al. 2007; Zhou et al. 2007 ).Many different sources and processes are known to contribute to the deterioration in quality and contamination of water. Thus, a thorough understanding of the nature and extent of contamination in an area requires detailed hydro chemical data (Helena et al. 1999 ). Unfortunately, very few studies have so far been undertaken combining the effects of multiple water quality variables for evaluating the water quality and the extent and nature of contamination (Shuxia et al. 2003) .
In Bangladesh, total environment, as well as economic growth and developments, are all highly influenced by water. In terms of quality, the surface water of the country is unprotected from untreated industrial effluents and municipal waste water, runoff pollution from chemical fertilizers, vehicle emission pollutants, pesticides, etc. (Bhuiyan et al. 2011) . The data mining of surface water monitoring results involves several approaches of which chemometric methods have been considered among the most reliable techniques, as the environmental system is regarded as a multivariate one (Marengo et al. 1995; Stefanov et al. 1999; Wunderlin et al. 2001; Lu and Lo 2002; Simeonov et al. 2003; Mendiguchía et al. 2004; Astel et al. 2006 ; Kowalkowski et al. 2006; Simeonova and Simeonov 2007; Astel et al. 2008) .
Factor analysis, which includes principal component analysis (PCA) is a very powerful technique applied to reduce the dimensionality of a data set consisting of a large number of interrelated variables while remaining as much as possible the variability present in data set. This reduction is achieved by transforming the data set into a new set of variables, the principal components (PCs), which are orthogonal (non-correlated) and are arranged in decreasing order of importance (Panda et al. 2006) . Principal component analysis provides information on the most meaningful parameters, which describe whole data set rendering data reduction with minimum loss of original information (Singh et al. 2004) . PCA has allowed the identification of a reduced number of latent factors with pollution sources such as spatial (pollution from anthropogenic origin) and temporal (seasonal and climatic) sources of variation affecting quality and hydrochemistry of river water have been differentiated and assigned to polluting sources (Shrestha and Kazama 2007; Simeonov et al. 2003; Kowalkowski et al. 2006; Pekey et al. 2004; Vega et al. 1998) . At the same time PCA has allowed the explaining of related parameters by only one factor (Boyacioglu and Boyacioglu 2006; Kannel et al. 2007; Kottı et al. 2005; Kowalkowski et al. 2006; Singh et al. 2004) and exposing the important factor responsible for seasonal changes in river water quality (Ouyang 2005; Ouyang et al. 2006) . Cluster analysis helps in grouping objects (cases) into classes (clusters) on the basis of similarities within a class and dissimilarities between different classes. The class characteristics are not known in advance but may be determined from the analysis. The results of CA help in interpreting the data and indicate patterns (Vega et al. 1998) . PCA, FA, and CA will be excellently used in future studies to find inter-parameter associations existing between different pollutants. This data-mining technique will further help in reducing the number of pollution parameters to be tested and subsequent cost of analysis (Ahmed et al. 2016 ).
Dhaka Aricha Highway, Savar has high traffic density and industrial influence. These factors are deteriorating the surface water quality which possesses a potential environmental risk. So far, no study regarding roadside surface water quality is conducted in Bangladesh. The study provides the information about roadside water state and its hydro chemical data to gain knowledge about the status of roadside surface water in the North-Western part of Dhaka city. The water quality data of the area is subjected to PCA, FA and CA to better interpret, understand and define the anthropogenic processes and specific source of water quality deterioration and contamination in the area.
Study area
The study area is along the Dhaka Aricha Road lies between latitudes from 23°47 0 45.84 00 N to 23°47 0 40.08 00 N and longitude 90°16 0 36.04 00 E to 90°19 0 33.80 00 E which is 5.04 km long (Fig. 1) . The study area is situated near Savar which is 17 km north of Dhaka center runs northward (Aktaruzzaman et al. 2013 ). The study area was selected because it links with Dhaka city with comparatively high traffic density and has industrial influence. It carries, on an average, 9000 motor vehicles per day. The study area is surrounded by numerous brick fields and Landfill area near Aminbazar. Gabtoli-Amin bazar area is the transition point of Dhaka city, largest bus stand acting as entry and exit point from the city. The average elevation is 26.5 ft above sea level and perennially inundated by monsoon flood and roadside runoff during monsoon. The geology of this area is uplifted in Madhupur area which is covered by dark reddish-brown to brownish red, mottled, sticky and compact Madhupur Clay Residuum of Pleistocene age, underlain by Plio-Pleistocene Dupitila Sandstone Formation (Maitra and Akhter 2011) .
Materials and methods

Sample collection
During dry seasons (January 2014), total of 19 water samples (prefixed S) were collected from roadside surface water of Hemayetpur to Gabtoli area, Dhaka Aricha Highway. Sample bottles were preconditioned with 5% nitric acid and rinsed with distilled deionized water. Each sample was collected from 0 to 10 cm of roadside surface water by 500 ml plastic bottle. Duplicate samples were taken per each sampling and later transported to the laboratory for analysis. Samples were transferred to the laboratory in coolers containing ice to reduce the degradation of samples before analysis. Samples were preserved at 4°C for Anion determination.
Methods for chemical and physical analyses
The geographic positions of the sample sites were recorded by GPS (Explorist, model: 200) . pH was measured in situ with a portable meter (HANNA Instruments, model: pH 211.Romannia). Clark cell probes method was used for DO and BOD measurements (Johnston and Williams 2006 
Elemental analysis
Metals (Ca, Mg, K, Zn and Pb) were determined by Flame Atomic Absorption Spectrometer (AAS, Thermo scientific iCE-3000 Series, USA, Software version SOLAAR Data Station V11.02). The accuracy and precision of the AAS analytical method were validated by duplicate analyses of AA standard: Ultra Scientific Analytical Solution, a standard reference material, Matrix water with dilute 2% HNO 3 . Sample analysis procedure is adopted from Thermo Scientific Cook Book, according to application note of Thermo Fisher scientific supplied along with AAS, iCE-3000 Series.
Chemicals and reagents
Reference standard for ion exchange chromatography (IC) were Dionex Seven Anion Standard 2, Deionized Water, part #57590, approx. Volume 100 ml, Dionex Corporation, USA.
Statistical analysis
For analyzing water quality data were subjected to descriptive multivariate analysis: cluster analysis (CA) and PCA/factor analysis (FA) and CA using SPSS of its version 22.0.
Principal component analysis and factor analysis
PCA is designed to transform the original variables into new, uncorrelated variables (axes), called the principal components, which are linear combinations of the original variables. The new axes lie along the directions of maximum variance. PCA provides an objective way of finding indices of this type so that the variation in the data can be accounted for as concisely as possible (Sarbu and Pop 2005) . PC provides information on the most meaningful parameters, which describes a whole data set affording data reduction with minimum loss of original information (Helena et al. 2000) . The principal component (PC) can be expressed as:
where z is the component score, a is the component loading, x the measured value of variable, i is the component number, j the sample number and m the total number of variables. The main purpose of FA is to reduce the contribution of less significant variables to simplify even more of the data structure coming from PCA. This purpose can be achieved by rotating the axis defined by PCA, according to well-established rules, and constructing new variables, also called varifactors (VF). PC is a linear combination of observable water quality variables, whereas VF can include unobservable, hypothetical, latent variables (Vega et al. 1998; Helena et al. 2000) . PCA of the normalized variables was performed to extract significant PCs and to further reduce the contribution of variables with minor significance; these PCs were subjected to varimax rotation with Kaiser Normalization generating VFs (Brumelis et al. 2000; Singh et al. 2004 Singh et al. , 2005 Love et al. 2004; Abdul-Wahab et al. 2005) . As a result, a small number of factors will usually account for approximately the same amount of information as do the much larger set of original observations. The FA can be expressed as:
where z is the measured variable, a is the factor loading, f is the factor score, e the residual term accounting for errors or other source of variation, i the sample number and m the total number of factors.
Cluster analysis (CA)
The purpose of cluster analysis is to identify groups or clusters of similar sites on the basis of similarities within a class and dissimilarities between different classes (Sparks 2000) . It is an unsupervised pattern recognition technique that uncovers intrinsic structure or underlying behavior of a data set without making a priori assumption about the data, to classify the objects of the system into categories or clusters based on their nearness or similarity (Panda et al. 2006) . Cluster analysis is a group of multivariate techniques whose primary purpose is to assemble objects based on the characteristics they possess. Cluster analysis classifies objects, so that each object is similar to the others in the cluster with respect to a predetermined selection criterion. The resulting clusters of objects should then exhibit high internal (within-cluster) homogeneity and high external (between clusters) heterogeneity. Hierarchical agglomerative clustering is the most common approach, which provides intuitive similarity relationships between any one sample and the entire data set, and is typically illustrated by a dendrogram (McKenna 2003) . The dendrogram provides a visual summary of the clustering processes, presenting a picture of the groups and their proximity, with a dramatic reduction in dimensionality of the original data. The Euclidean distance usually gives the similarity between two samples and a distance can be represented by the difference between analytical values from the samples (Otto 1998) . In this study, hierarchical agglomerative CA was performed on the normalized data set by means of the Ward's method, using squared Euclidean distances as a measure of similarity. The Ward's method uses an analysis of variance approach to evaluate the distances between clusters in an attempt to minimize the sum of squares (SS) of any two clusters that can be formed at each step. Agglomerative hierarchical clustering is the most commonly used method where clusters are formed sequentially, by starting with the most similar pair of objects and forming higher clusters step by step. Cluster analysis was applied on experimental data standardized through z-scale transformation to avoid misclassification due to wide differences in data dimensionality (Liu et al. 2003) . Standardization tends to increase the influence of variables whose variance is small and reduce the influence of variables whose variance is large (Singh et al. 2004 ).
Inverse distance weighting
The factor scores from the R-mode PCA were used with ArcGIS to determine the spatial variations of the dominant processes influencing the surface water hydrochemistry in the area using inverse distance weighting (IDW) method. The IDW method estimates the values of an attribute at unsampled points using a linear combination of values at sampled points weighted by an inverse function of the distance from the point of interest to the sampled points. The assumption is that sampled points closer to the unsampled point are more similar to it than those further away in their values. The weights can be expressed as:
where d i is the distance between x 0 and x i , p is a power parameter, and n represents the number of sampled points used for the estimation. The main factor affecting the accuracy of IDW is the value of the power parameter (Isaak and Srivastava 1989) . Weights diminish as the distance increases, especially when the value of the power parameter increases, so nearby samples have a heavier weight and have more influence on the estimation, and the resultant spatial interpolation is local (Isaak and Srivastava 1989) . The choice of power parameter and neighborhood size is arbitrary (Webster and Oliver 2001) . The most popular choice of p is 2 and the resulting method is often called inverse square distance or inverse distance squared (IDS).
Results and discussion
Descriptive study of surface water quality
The univariate overview of water quality parameters are presented in Table 2 ). Noticeable depletion of DO is recorded at all points, indicative of potential ecological and environmental risk. The sharp decline in DO may have resulted from the introduction of organic matter in the water which consumed oxygen during decomposition (Masamba and Mazvimavi 2008) . Principal component analysis (PCA) and factor analysis (FA)
The calculated factor loadings, cumulative percent, and percentages of variance explained each factor in R-mode PCA are listed in Table 3 . Varimax rotation was used to maximize the sum of variance of the factor coefficients (Bhuiyan et al. 2011) . Five factors with eigenvalues [1 were extracted from the varimax-rotated factor analysis of all parameters in the dataset. The retained factors which led to a reduction of the initial dimension of the data set and explained about 84.173% of the total variance. The terms 'strong', 'moderate', and 'weak' as applied to factor loadings, refer to absolute loading values of [0.75, 0.75-0.5 and 0.5-0.3, respectively (Liu et al. 2003) .
The first principal component (PC1) in the data sets explains 28% of total variance and is heavily positively loaded on TDS and TSS which indicates the roadside and brick field dust settle down in nearby water body.
Moderately negatively loaded on Mg, NO 3 2-indicates the nutrient uptake by aquatic organisms. These parameters retain high positive scores in S12, S13, S15, S16, S17, S18 and negative scores in S1, S2, S3, S4, S9 (Table 4) . PC2 explains 22.123% of total variance, and is heavily positively loaded on Ca, NO 2 -and moderately positively loaded on K which indicates the agricultural influence (fertilizer utilization and irrigation). Moderately negatively loaded on DO and F -suggests utilization of dissolved oxygen to decompose the organic matter by bacteria (FC) function (Singh et al. 2004) . These factors are the input from anthropogenic (industrial and agricultural) and natural sources. These parameters retain high positive scores in S3, S7, S11, S18, S19 and negative scores S2, S4, S16, S17.
PC3 describes 13.770% of total variance, and is heavily positively loaded on SO 4 2-, Cl -and moderately positively loaded on K, these factors represent the contribution of nonpoint pollution from agricultural and soil erosion processes. In these areas, farmers use ammonium sulfate fertilizers, and the surface runoff receives sulfate via surface runoff and irrigation waters (Bhuiyan et al. 2011 ). These parameters retain high positive scores in S11, S17 and negative scores S9, S10, S12, S18. PC4 depicts heavy positively loaded on Zn and Pb which denotes 12.811% of total variance. This represents vehicle emission and diffusion from battery stores. These parameters retain high positive scores in S19 and negative scores S15, S18.
PC5 shows only 7.104% of total variance and it depicts strong positive loading of BOD and strong negative loading of pH. These parameters retain high positive scores in S2, S3, S12, S13, S15 and negative scores S4, S7, S8, S9, S10, S17.
The relationships among the analyzed parameters are also visualized in the factor loadings plots of PC1 vs. PC2 and PC1 vs. PC3 (Figs. 2, 3) .
For all parameters, six main clusters are obtained from the plotting of PC1 vs. PC2 (Fig. 2) . Cluster 1 contains pH, BOD, Zn, Pb, Cl -and SO 4 2-parameters and cluster 2 consists of Ca, K and NO 2 -. Cluster 3 includes Mg and NO 3 2-. Cluster 4 includes TSS and TDS. Whereas F -and DO independently remain in cluster 5 and 6, respectively. For PC1 vs. PC3 plot (Fig. 3) similarly six main clusters are obtained. Cluster 3 and 4 of both plots show similar grouping.
Spatial similarities and site grouping
GIS-based factor score maps were developed using IDW for each five factors/principal components extracted from the PCA of the data set. The factor scores for each factor and the corresponding coordinates of the sampling points were used to create interpolation surfaces. The power value was set 2, the Standard neighborhood was used instead of smooth neighborhood and sector type was 4 sector with 45°o
ffset. These interpolation maps show spatial variations of the influence of each five dominant processes in the study area.
Figures 4, 5, 6, 7, and 8 represent factor score maps for principal component 1, 2, 3, 4 and 5, respectively.
In Fig. 4 , the area has factor scores ranging from -2.530 to 1.356. Within this range of scores, about 68.16% of the study area has positive factor scores, and about 31.83% has scored in the range of -2.53072 to 0.153. This suggests Fig. 11 Dendrogram showing the hierarchical clusters of analyzed parameters Appl Water Sci (2017) 7:3511-3525 3521 that the processes involved in PC1. Generally, the effects of PC1 increase from northwestern to southeastern parts of the study area. The highest positive impact of PC1 occurs in S12 and S13. In Fig. 5 , the factor scores of PC2 ranging from -1.439 to 2.437. Within this range of scores, about 27.720% of the study area has positive factor scores, and about 72.279% has scored in the range of -1.439 to 0.286. The highest positive impact of PC2 occurs in S7, S18 and S19 which is on the eastern side of the study area near Gabtoli bus terminal.
The PC3 factor score map (Fig. 6 ) ranges from -1.155 to 3.384. Only 11.316% of the area covers the positive factor loadings. Most of the area covers the range of -0.287 to 0.135. This area is utilized for agricultural purpose mostly.
In Fig. 7 , the factor scores of PC4 range from -0.700 to 4.021. Within this range of scores, about 19.685% of the study area has positive factor scores, and about 80.314% has scores in the range of -0.700 to 0.299. The highest positive impact of PC4 occurs in S19 which is in the eastern side of the study area near Gabtoli bus terminal that explains the heavy metal deposition.
The PC5 factor score map (Fig. 8) ranges from -1.449 to 1.620. About 36.973% of the area covers the positive factor loadings. The positive loading is highest in S2, S3, S12 and S13.
The factor scores from the R-mode PCA performed on the data set was also used to identify sampling site similarities/groupings (Fig. 9) . On the plot of the first two principal components, PC1 vs. PC2 four main clusters are obtained. Cluster 1 contains S5, S6, S8, S10, S11, S12, S13, S14, S15, S16, S17 and S19. Cluster 2 consists of S7 and S18. Cluster 3 includes S1, S2, S4 and S9. Cluster 4 includes only S3. For PC1 vs. PC3 plot (Fig. 10) similarly five main clusters are obtained. Cluster 3 and 4 of both plots show similar grouping. Only S3 and S11 alone forms two individual clusters.
Cluster analysis R-mode cluster analysis performed on the measured basic water quality parameters reveals three distinct groups or clusters. Cluster 1 contains Zn, Pb, Nitrite (NO 2 -), Ca, TSS and TDS. The interrelated association among Zn-Pb, TSS- Fig. 12 Dendrogram showing the hierarchical clusters of sampling site TDS, and NO 2 --Ca shows similar positive loadings in PC4, PC1 and PC2, respectively (Fig. 11) .
Cluster 2 includes Cl, sulfate (SO 4 2-), K, Nitrate (NO 3 2-), Mg, BOD and F. The interrelated association among Cl -, Sulfate, K shows similar positive loadings in PC3 and NO 3 2--Mg shows negative loadings in PC1. In cluster 3 both pH and DO are slightly different from the other cluster members, as depicted by its long linkage distance.
To evaluate the spatial similarities and site groupings among the sampling sites R-mode cluster analysis is performed. Where sampling sites belonging to a particular cluster exhibit similar characteristics with respect to the analyzed parameters (Bhuiyan et al. 2011) . Three major clusters were extracted from all analyzed parameters for the 19 sampling sites (Fig. 12) .
In cluster 1 the similarities among sampling site S9-S10, S8-S14, S12-S13, and S5-S6-S16 is also observed in the factor score maps of PC2, PC4, PC1 and PC4, respectively.
Cluster 2 represents the similarities among sampling site S7-S18 which is noticed in factor score map of PC2.
The same observation is found in Cluster 3 which represents the similarities among sampling site S3-S11 in factor score map of PC.
Correlation matrix (CM)
Pearson's correlation matrix reveals some new associations between the parameters (Table 5) that are not adequately reported in the PCA. TSS has a strong positive relationship with TDS (r = 0.873; P \ 0.01) indicates the roadside and brick field dust settle down in nearby water body. A similar result is also observed in PC1. An alike association is found between Pb-Zn (r = 0.981; P \ 0.01) which is also observed in PC4. A positive correlation is also found among Cl --SO 4 2-, Mg-Cl -, K-Cl -, Ca-NO 2 -and K-NO 2 -. Ca is negatively correlated with DO (r = -0.674; P \ 0.01) which is described in PC2. A negative correlation is also found among Mg-TDS, pH-BOD, pH-Mg, DO-Cl -, DO-NO 2 -, DO-Mg, DO-K and F-NO 2 -.
Conclusion
This study was undertaken to evaluate the roadside surface water quality of Hemayetpur region. Descriptive statistical analysis showed TSS, BOD, NO 2 -, Pb was above the standard values. From PCA, five major principal components were extracted which perfectly reduced the data dimension and indicated possible anthropogenic sources. These components explain 84.173% of total variance. From factor score map high positive loading is found near Hemayetpur (PC5), near Nayahati (PC2), Boilapur area (PC3, PC5), Aminbazar Landfill site (PC1), Aminbazar (PC1, PC2) and Gabtoli Bus Terminal (PC4). Cluster analysis formed three major clusters for both water parameters and sampling sites. Anthropogenic sources are the main reason for water quality deterioration. This result regarding sources showed similarities among PCA and CA. From Pearson's correlation matrix significant positive relation was found between TDS-TSS and Zn-Pb that explained the anthropogenic activities (vehicle emission, atmospheric deposition from the brick field and industrial pollution) in that area.
